This is the supplementary materials for Genomic Dark Matter: The reliability of short read mapping illustrated by the Genome Mappability Score .
Background

Sequencing and Mapping
Sequencing DNA is a complex biochemical and computational process. Because of technical limitations of the chemical protocols, it is not possible to sequence entire intact chromosomes, and currently available second generation sequencing machines from Illumina can sequence at most 100 or 150 consecutive nucleotides [Bentley et al., 2008] . However, these instruments are massively parallel so that many billions of molecules can be simultaneously sequenced per ∼2 week run of an instrument generating a total of 500 Gbp for less than $10,000 in reagent costs. These instruments can also sequence "mate-pairs" or "paired-end" reads which are pairs of reads that are separated by an approximately known distance on the original molecule. Sequencing on these machines uses a technique called sequencing-by-synthesis in which fluorescently-labeled nucleotides are imaged as they are incorporated into growing strands of DNA according to the template molecule [Bentley et al., 2008] . Sophisticated image analysis software then interprets the signal intensities into nucleotide sequences. The base calling algorithms also produces a sequence of quality values that are estimates of the probability of error for each nucleotide as first proposed by the Phred base calling algorithm ] ]. The overall accuracy of the process is typically 98% or 99% accurate per base, with errors concentrated towards the end of the reads (Figure 1) . Quality values are commonly encoded according to the Phred quality scale, in which an error estimate of p e = 1% (99% accuracy) is written as qv = 20 according to Equation (1). Quality values at or above qv = 20 (p e ≤ 1%), are typically classified as high quality bases. qv = −10 log 10 p e
The most common approach to sequencing a genome today is called whole genome shotgun sequencing [International Human Genome Sequencing Consortium, 2001] , in which many copies of the genome are randomly sheared into short molecules which can then be individually sequenced . As a random process, the number of molecules that originate from a given position of the genome will follow an approximately Poisson distribution [Lander and Waterman, 1988] . It is therefore necessary to significantly oversample the genome to account for expected variations in coverage and to account for sequencing errors. A critical parameter of a sequencing project is the desired average coverage of the genome, as controlled by the number of (partial) runs of the machines used to sequence a given sample. It is now The quality values at each read position were averaged from a sample of 100,000 100bp reads sequenced at the Broad Institute using an Illumina Genome Analyzer II (SRA study SRP001086). Approximately the first 50 bp have qv ≥ 20, meaning the probability of error is less than 1%, while the latter half of the reads have considerably worse quality.
common to sequence enough molecules so that a total of 20-fold or 30-fold coverage of the genome are generated, e.g, 60Gbp -90Gbp of raw sequencing for the 3Gbp human genome. At 20-fold coverage it is expected that most nucleotides from each copy of the genome will be sequenced by at least 5 individual reads, thus reducing the expected error rate to below .00001 when using bases with Q ≥ 20 ( Figure 2 ). This is especially important in the case of human genomes and other diploid organisms which have 2 copies of each chromosome and contain heterozygous variations. The molecules, and the derived sequences, will then be randomly selected between the two copies according to an approximately binomial distribution.
Figure S 2:
Expected fraction of the genome at a given read depth given the targeted read coverage. When targeting 10x coverage, approximately 3% of the genome is expected to be at less than 5x coverage, while less than 1% of the genome is expected to be at less than 5x coverage when targeting 20x or 30x coverage. For diploid genomes, such as the human genome, heterozygous variations will have approximately half the targeted coverage (10x effected coverage when targeting 20x overall coverage).
The individual reads in a sequencing project are much shorter than the genome and originate from random positions, so it is necessary to use sophisticated software algorithms to map out an entire genome. For genomes which have never been sequenced before, the only option is to assemble the reads de novo in which the reads are compared and merged with each other, metaphorically similar to assembling a jigsaw puzzle [Schatz et al., 2010] . For other genomes which have been assembled into a reference sequence, variations relative to the reference can be discovered by matching the short reads to the long genome, using algorithms called short read mappers. The most popular mapping algorithms, such as BWA, Bowtie, and SOAP, attempt to find the best alignment for each read that minimizes the number of differences between the read and the genome, optionally using the quality values to discount differences that are likely due to mere sequencing errors. These algorithms use sophisticated indices of the genome and various heuristics to make the computation efficient enough to map billions of reads in a tractable amount of time. Once the reads have been mapped, follow up algorithms can then analyze the alignments to see if there are any positions that the spanning reads significantly disagree with the reference, using the number of reads, the quality values of the bases, and other metric to distinguish sequencing errors from true variations (Figure 1 ).
Base quality values and mapping quality scores are the most widely used measures of confidence in a genome sequencing project. As explained above, base quality values measure the probability that a given base was incorrectly sequenced based on the signal intensities observed during the sequencing process. Mapping quality scores build on base quality values to measure the probability of an incorrectly mapped read, and give less confidence to alignments with more bases that disagree with the reference genome, especially if those bases have high quality values. Furthermore, the mapping quality score is reduced if there are multiple possible mappings with the same minimum edit distance.
Supplementary Figures
Figure S 3: Mapping quality scores and GMS profile for 1% error reads near a repeat boundary. The x-axis shows the genome near the transition point between 950-1,050bp. The y-axis show the GMS score (red) and the mapping quality score (blue) normalized to the range 0-100. A one base difference in position drastically changes the mapping quality score, while the GMS changes much more gradually. Given an error around 1030th position, the mapping quality score plummeted while GMS is marginally reduced since the position still can be clarified by other reads. This shows how sensitive the mapping quality score is to small change. This figure follows the conditions of Fig. 2 , except using 1% error for the simulated reads.
Figure S 4:
GMA pipeline consists of 5 main components operating in a pipeline. Each component can be run separately, or in a batch with the GMA command "runall"
Figure S 5:
The GMS distribution for all chromosomes in hg19. Most bases either have a very low (< 10) or very high (> 90) GMS value. As such, the threshold for deciding hi and lo GMS regions is generally robust as long as the value is near 50.
Figure S 6:
Example region of chrX with 20 experiments, 10 for paired-end and 10 for single-end, to examine how paired/singleend affect GMS for chromosome X of hg19 at a given error rate 2% and read length 50bp. The experiments clearly prove that paired-end reads can be reliably be mapped where single-end reads cannot.
Figure S 7:
Distribution in GMS value by sequencing technology. In general, the longer the characteristic read length of the platform, the greater the fraction of the genome with a higher GMS value, although higher rates of sequencing error can reduce the GMS value (especially uncorrected PacBio reads).
Figure S 8:
Variation Accuracy Simulator (VAS) design. VAS is a pipeline consisting of variation and reads simulator(WGSIM), mapping and aligning tools (BWA), SAM format interpreter (SAMtools) and calling SNP program (BCFtools) and analyzer. It compares variations generated by WGSIM and variations found by VAS pipeline and outputs accuracy result. The pipeline is implemented for both local usage and Hadoop cloud pipeline like the GMA.
Supplementary Equations
The number of reads simulated depended on the targeted coverage as set by equation 2, where c is target coverage, L is a length of reference genome, l is a length of a read and d is 2 for paired-end and 1 for single end. Table S 1 : Approximate user time for executing the GMA for each technology are measured. Since we used hadoop to exploit parallelism, the precise user time depends on the characteristics of the cloud such as number of cores, the performance of each core, memory size and network connection between the nodes. Therefore the purpose of this table is to give an approximate idea of how the major parameters can affect computing time, but a few seconds difference is not meaningful. To normalize the analysis, all human chromosomes are evaluated, and all technologies are evaluated as single end reads even though some technologies provide paired-end reads. While not the major focus of this study, we observed the 75bp SOLiD reads required more time than the 100bp Illumina reads, presumably because a greater fraction of the reads were repetitive. On th other hand, the other technologies were slower because of the higher error rates, and also because BWA uses a different algorithm for very long reads. The uncorrected PacBio reads were fast to align, because the algorithm aborts on reads with very high error rate when it cannot find an alignment seed.
Supplementary Tables
Technology coverage length(bp) substitution(%) insertion(%) deletion(%) running time Illumina 100x 100 0.10 n/a n/a 9 hrs 5 mins 15 secs Solid 100x 75 0.10 n/a n/a 10 hrs 
